A student's peers are often thought to influence his or her educational outcomes. If so, an unequal distribution of advantaged and disadvantaged students across schools ("sorting") in a community will amplify existing inequalities. This paper explores the relationship between the degree of sorting across schools within a community and educational inequality as measured by the variance of standardized high school exam scores within the community. Cross-sectional OLS estimates suggest that the variance of test scores is related to sorting by ethnicity, but not to sorting by income or parental education. We then implement two strategies for addressing endogeneity in the degree of sorting: a standard unobserved effects (first-difference) approach, and a first-difference/instrumental variables approach in which the structure of school choice (number and relative size of schools) is used to construct instruments for the degree of sorting. The results from both approaches indicate that the variance of test scores is related to sorting by home language and parental education, but not to sorting by income. Our results also suggest that reducing sorting would have little effect on inequality of outcomes in the typical Alberta community, but would have substantial effects in the larger cities.
Introduction
Since the 1966 publication of the "Coleman Report" (Coleman, Campbell, Hobson, McPartland, Mood, Weinfeld and York 1966) , social scientists and policymakers have been concerned with the interaction of peer effects and segregation/sorting in maintaining or worsening economic inequality. Several recent studies (Boozer and Cacciola 2001 , Ding and Lehrer 2007 , Hanushek, Kain, Markman and Rivkin 2003 , Hoxby 2000 provide evidence that student achievement as measured by performance on standardized tests is positively affected by the achievement level of classmates and/or schoolmates. This * The authors are grateful for helpful comments from Stephen Jones, David Johnson, Susan Mowbray and seminar audiences at the CERF Conference on Education, Schooling and the Labour Market, Simon Fraser University and the TARGET Labour Workshop at the University of British Columbia, as well as two anonymous referees. Hayley Laker provided excellent research assistance, and funding was provided by the SFU/SSHRC Small Research Grant program. We also thank Peter Cowley for providing the data and for technical support. All errors are ours.
finding implies that an unequal distribution of high-resource (e.g., high income, high parental education, etc.) students across schools leaves most low-resource students twice disadvantaged: such students will have both lower private resource levels and a lower quality peer group. As this difference in human capital leads to differences in income, initial disparities in resources may be maintained and even amplified over generations despite the best efforts of policymakers to provide equal opportunity (Durlauf 1996, Fernandez and Rogerson 1996) . Although empirical researchers have made some progress on establishing the existence and magnitude of peer effects in education, much remains to be learned. In particular, little is known about the overall effect of school sorting on inequality in educational outcomes. This paper uses data from the Canadian province of Alberta to evaluate the hypothesis that sorting exacerbates inequality in student outcomes. Our research design uses a simple regression framework to determine the empirical relationship between community-level measures of sorting across schools by income, ethnicity, and other characteristics and the community's variance in standardized test scores at the grade 9 level. The use of aggregate data avoids a number of the identification problems that arise in using individual-level data to estimate peer effects (Manski 1993) . In particular, our research design does not require the assumption of exogenous selection into schools, nor does it require the absence of idiosyncratic aggregate factors. Furthermore, by focusing directly on the relationship between sorting and inequality, we are able to directly quantify the portion of inequality within a given community that can be explained by sorting.
While our research design may also be applicable to U.S. states and other Canadian provinces, Alberta has a key advantage over many of these jurisdictions in that standardized testing is nearly universal. Almost all private schools in Alberta, including religious schools, receive direct per-pupil funding from the provincial government, and are subject to provincial testing and reporting requirements. In contrast, statewide standardized testing in the U.S. is generally limited to public school students, due in part to constitutional restrictions on both state authority over private education and state funding of religious schools. At the same time, a large portion of school sorting in the U.S.
takes place between the private and public sectors rather than within the public sector. As a result, much of the variation in school composition and educational outcomes is censored in the data. For example, suppose high-income students tend to stay in homogeneous high-income public schools but leave more mixed-income public schools for private schools. Then censoring can produce a positive statistical relationship between measured sorting and measured inequality even in the absence of such a relationship between actual sorting and actual inequality. By considering a jurisdiction in which both public and private school students are tested, we avoid this difficult issue.
Our research makes a number of unique and constructive contributions to the literature on peer effects, sorting and inequality. First, we explore sorting on a wider variety of dimensions than previous studies, including ethnicity, family income, primary parent's education, and the language spoken at home. Second, we are able to link school-level exam results in different grades and years, and thus to construct a first-difference estimator that controls for community-level unobserved effects. For example, if greater unobserved heterogeneity among students within a community causes sorting, simple crosssectional estimators will be biased in favor of finding a large effect of sorting on inequality. Third, we construct instrumental variables for sorting based on cross-community variation in the ability of families to sort across schools due to variation in the structure of school choice. These instruments are incorporated into the first-difference model to further weaken the necessary exogeneity assumptions.
Our cross-sectional results suggest that sorting by ethnicity is associated with increased variance in test scores, even after controlling for sorting by several other household characteristics. However, the first-difference results show that this pattern is not robust to controlling for unobserved heterogeneity within communities. Instead, the first-difference results suggest that sorting by parental education and language spoken in the home increases the variance of test scores. Neither the cross-section nor firstdifference estimators produce evidence of a sorting effect arising from family wage and salary income.
Finally, the first-difference estimates using instrumental variables are consistent with the findings of the basic first-difference analysis.
Finally, we use our estimates to explore the magnitudes of potential effects from different types of desegregation policies. The results imply that fully integrating the schools of the typical multiple school community will have little effect on community inequality, but integrating the schools in Alberta's major metropolitan areas may have a large effect.
Related literature
This paper shares both motivation and many econometric issues with the literature on peer effects and other social interaction effects. The key econometric concern in this literature is to address at least some of the identification problems noted by Manski (1993) . Most early research on peer effects simply included the average of either behavior or background characteristics among the survey respondent's peer group as a supposedly exogenous explanatory variable in a simple regression for the respondent's behavior. The coefficient on the average peer variable would then be interpreted as a measure of the peer effect. Manski notes four major problems with this methodology. The first problem ("sorting") is that self-selection into groups may lead to positive within-group correlation in many characteristics that are relevant to the outcome, and some of these relevant characteristics may be unobserved. For example, low-income students who attend private schools or public schools in high income neighborhoods may have parents who particularly value education. The second problem ("common shocks") is that there may be unobserved aggregate influences on a particular group; for example one school may have a particularly effective or ineffective principal, which will tend to raise or lower all scores in a given school. The third problem ("simultaneity") is that the respondent influences his or her peers in the same way the peers influence the respondent. Each of these three problems implies that average peer behavior and/or characteristics will fail to be exogenous, and leads the reduced form coefficient to be an upwardly biased estimate of the true peer effect. The fourth problem in this approach is that even in the absence of the first three problems, there is no obvious way to distinguish empirically between the influence of peer characteristics ("contextual peer effects") and the influence of peer behavior ("endogenous peer effects") without imposing strong functional form assumptions on the econometric model. A sizeable empirical literature has pursued various strategies for identifying social effects while addressing the issues raised by Manski. Although a thorough survey of this literature is beyond the scope of this paper (see Moffitt 2001 for such a discussion), several recent studies of peer effects in education are particularly relevant to the approach developed here.
One class of studies is characterized by the use of natural experiments and other sources of credibly exogenous variation in peer group composition. This exogenous variation can then be used to instrument for peer group composition in a standard individual-level regression. Hoxby (2000) uses idiosyncratic variation in gender and racial composition between different cohorts at the same school to identify peer effects in test scores for Texas grade 3-6 students. Hanushek, et al. (2003) use a matched panel of Texas grade 3-8 students and schools to estimate peer effects while allowing for student and school-grade fixed effects. Boozer and Cacciola (2001) exploit exogenous variation in grades 1-3 classroom composition due to Tennessee's "Project STAR" class size experiment. Ding and Lehrer (2007) use data from a province in China that assigns students to schools on the basis of (observable) test scores. All four of these studies find evidence of nontrivial peer effects.
Another class of studies is characterized by the use of aggregate data to look for evidence of what are known as social multipliers. This approach, also known as the "excess variance" approach, starts from the insight that social interaction effects will tend to amplify the relationship between group composition and group outcomes. Glaeser, Sacerdote, and Scheinkman (2003) estimate individual-level and aggregate-level regressions, and measure the social multiplier (a monotonic but nonlinear function of the peer effect) by the ratio of aggregate-level coefficients to individual-level coefficients. Glaeser, Sacerdote, and Scheinkman (1996) show that random group assignment implies a specific relationship between group size and (unconditional) between-group heterogeneity, and allows for identification of the social interaction effect from group-level data on size and variance in outcomes. Graham (2005) extends this idea to conditional between-group heterogeneity, using a model that is similar to ours and data from the Project STAR class-size experiment. In this experiment, students and teachers were randomly assigned to classes of varying size. Graham notes that under random assignment small classes will have more variation in average student ability than large classes but will not have more variation in teacher quality, and uses this to develop a GMM estimator of peer effects that exploits the implied relationship between class size and variability of outcome. The key difference between our approach and Graham's is that his identification is based on the properties of random assignment, while ours is based on self-selection. While our approach requires more restrictive assumptions on the nature of unobserved heterogeneity and identifies a more limited set of parameters, it has the advantage of being applicable in cases where random assignment does not occur.
By providing information on the magnitude of peer effects, both the natural experiment and excess variance approaches can be informative about the relationship between sorting and inequality. At the same time, these studies have limitations. First, those group characteristics for which there is exogenous variation are not necessarily those whose distribution can be changed by public policy. For example, a number of costly policies to reduce sorting such as the Moving To Opportunity program (Katz, Kling and Liebman 2001) are aimed specifically at reducing residential sorting by income. However, none of the studies referenced above speaks directly to the effect of peer family income on academic outcomes, simply because their data lack credibly exogenous sources of variation in peer family income. A second limitation is that estimates of peer effects by themselves tell us little about the relationship between sorting and inequality. Positive school-level peer effects imply a positive relationship, but further quantitative analysis along the lines of Kremer (1997) is needed to say whether sorting explains a large or small proportion of the variation in test scores across students. Kremer develops a calibration methodology to estimate the long-run impact on inequality of what had been previously described as a large increase in marital and residential sorting. Despite calibrating his model with seemingly large social interaction effects, Kremer finds that the observed increase in sorting has a minimal long run effect on inequality. This finding suggests that there is a clear need for direct quantitative evidence on the relationship between sorting and inequality.
Our research uses cross-community data on sorting of students into schools based on their family characteristics to fill this gap in the literature. The essential feature of the cross-community (or crosscity) approach is that it does not require the assumption of random assignment; indeed it exploits the fact that families sort. This feature enables us to estimate the impact of sorting along a much wider and potentially more policy-relevant set of dimensions than are addressed in peer effect studies, includ-ing income, parental education, and other characteristics. A second benefit of the cross-community approach is that it will capture effects of sorting on inequality that arise through mechanisms other than peer effects. For example, suppose that political processes operate to move resources from poor schools to rich schools. In that case, a community in which schools are more strongly sorted on income may have a more unequal distribution of resources across schools, and thus a greater dispersion in student outcomes, even in the absence of peer effects. In some sense, this "contaminates" our results if the primary goal is to estimate peer effects; however, it is an advantage if the goal is to estimate the effect of sorting on inequality.
Related applications of the cross-community approach include work by Cutler and Glaeser (1997) and Card and Rothstein (2004) on the effects of racial segregation in U.S. cities. Cutler and Glaeser characterize segregation by a dissimilarity index calculated across the census tracts in a city, and include both this measure of segregation and an interaction term for segregation and race in regressions for various individual outcomes. Card and Rothstein characterize segregation by the black-white gap in percentage of black schoolmates, and include this measure of segregation along with measures of blackwhite gaps in various socioeconomic characteristics in a regression for the black-white SAT score gap in the city. Our work uses a similar research design to these studies, while considering sorting on a wider variety of characteristics.
Methodology
The overall methodology in the paper involves estimating the coefficients of a simple linear regression model using community-level data. The dependent variable is the variance in exam scores across the students in the community, and the explanatory variables include measures of the variance in background characteristics of the students' families, as well as measures of the degree of sorting across the community's schools with respect to these same characteristics. This basic regression is estimated using both cross-sectional and first-difference approaches, and the estimated coefficients on the sorting variables are interpreted as providing information on the effect of sorting on inequality. To motivate this approach, and discuss some of the econometric and conceptual issues, this section introduces a simple model of peer effects and sorting.
Aggregation and notation
Because we are working with aggregate variables at two different levels of aggregation (school and community) and at different grades, the notation is unavoidably somewhat complex. Communities are indexed by c. We have data for a single cohort of students within each community. The number of schools in grade g of community c is given by S cg , and schools within that community are indexed by s = 1, 2, . . . , S cg . Let N scg be the number of students taking the grade-g exam in school s, and let N cg = Scg s=1 N scg be the total number of students taking the exam in community c. Let x iscg be an arbitrary individual-level random variable describing an individual i in grade g of school s of community c. LetÊ [.|.] be the average operator, e.g. so thatÊ[x iscg |c, g] is the average value of x iscg across individuals in grade g within community c. The within-school average and variance of x are given by:
Note that because the data describe the entire population of exam takers in each community, we do not use any degrees-of-freedom correction for the variance. The within-community average and variance are given by:
Note that the overall within-community variance can be decomposed, as in the standard ANOVA decomposition, into a term that reflects the average within-school variation and a term that reflects between-school variation in averages. This second term, which we will call the community's cross-school variance in x, will be employed as our measure of sorting:
The cross-school variance is the natural measure of sorting under the model described in the next section. The extreme cases of perfect sorting and perfect integration provide upper and lower bounds on the cross-school variance of a given characteristic. Under perfect sorting (each school in community c is perfectly homogeneous, i.e.,σ 2 scg (x) = 0) it will be the case that CSV cg (x) =σ 2 cg (x). Under perfect integration (all of the schools in community c have the same value ofx scg ), it will be the case that CSV cg (x) = 0.
A simple model of sorting and peer effects
Next we outline a simple linear model of peer effects in academic performance. Let y iscg be the exam score of an individual i attending school s in community c in grade g, and suppose that:
where z iscg is the student's (unobserved) ability, andz scg is average (unobserved) ability within the student's school. "Ability" is meant here as simply a catch-all term for any private inputs into student performance: it could include innate talent, prior educational experience, parental inputs, and anything other than the qualities and/or performance of the current peer group. In the terminology of Manski (1993) , the peer effect in the model above is of the "contextual" variety, i.e., it operates through average peer characteristicsz scg . Endogenous peer effects, which operate through average peer outcome, could also be included in the model but would yield the same reduced form as in equation (6) and so are omitted for convenience. There are a number of different mechanisms that could generate peer effects, including:
• Simple externalities/spillovers: students may learn from one another and thus learn more when in contact with high-achieving or high-ability peers.
• Provision of public goods: parents with high endowments of time, money, or skills may supply public goods to their child's classrooms.
• Scarcity of instructor's time: students with behavioral or learning problems may take instruction time or energy away from classmates.
• Political economy/resource considerations: parents with high interest or resource levels may divert resources towards their child's school.
• Specialization: homogeneous classes may facilitate efficiency through specialization or reduced discrimination.
As with most of the literature, we will not be able to distinguish between these different mechanisms, nor between endogenous and contextual effects. Finally, the model presented here does not include other sources of school-level heterogeneity such as variations in teacher or principal quality that are not associated with student ability. Section 2.4 describes an extension to the model which allows for additional school-level heterogeneity.
This model is a standard one in the literature on peer effects, and researchers have made numerous attempts to estimate this type of model using various proxy variables for student ability. However, as discussed previously, the model parameters are not identified from standard microeconomic data when schools are sorted on ability (Manski 1993) , because this sorting induces positive correlation between the unobserved components of the student's ability (z iscg ) and the observed characteristics of the student's peers (some observable predictor ofz scg ).
Rather than use microeconomic data to estimate peer effects, this study uses aggregate data to directly estimate the effect of sorting on inequality. To do so, we aggregate the model, and decompose the within-community variance in test scores into a portion that is due to within-community variance in private inputs, and a portion that is due to sorting. Aggregating equation (6) to the school and community level, average scores are given by:
The within-community variance in test scores is given by:
Substituting in (6) and (7), and applying algebra we get:
Equation (9) shows how the within-community variance in student outcomes 1 can be broken down into a portion that is explained by within-community variance in private inputs, and a portion that is explained by sorting. This decomposition is analogous but not identical to the standard ANOVA decomposition. As equation (9) indicates, sorting will affect the overall variance in outcomes when λ is nonzero. In the absence of peer effects, only the variation in private inputs across individuals matters for the variation in test scores.
Econometric Implementation
Note that equation (9) is based on an unobserved index of student-specific inputs, and so cannot be estimated directly. Instead, our estimating equations will be based on using proxy variables for both the cross-individual variation in inputs (σ 2 cg (z)), and for the extent of sorting ( CSV cg (z)). We assume that we have a vector of observable community/grade-level variables X cg such that:
and a vector of observable community/grade-level variables W cg such that:
where u cg and v cg have statistical properties (to be outlined below) sufficient to identify interesting features of the model. In other words, X contains proxy variables for the variability in private inputs across families in the community. These proxy variables include the total number of students writing the exam, as well as the measured variance across households in Aboriginal status, visible minority status, home language, wage and salary income, government transfer income, and education of primary parent. The vector W contains proxy variables for the cross-school variation in inputs, in particular the cross-school variance in measured household characteristics.
Combining equations (9), (10), and (11), we get the reduced form:
where β = δ(λ 2 + 2λ) and cg = u cg + v cg λ 2 + 2λ . Interpretation of the reduced form coefficients is straightforward: the marginal effect of sorting on inequality is given by β. Note that when there is no peer effect (λ = 0), the true value of the reduced form coefficient is β = 0. We pursue three strategies for estimating the coefficients in (12): simple cross-sectional regressions, first-difference regressions that allow for a community-specific unobserved effect, and first-difference regressions that also use instrumental variables to isolate one plausibly exogenous source of variation in measured sorting.
Cross-section regressions
Our starting approach estimates an OLS regression using the cross-sectional grade 9 data, i.e. a regression ofσ 2 c9 (y) on (X c9 , W c9 ). As usual, this regression will produce consistent estimates of β under the assumption that the explanatory variables are exogenous:
Assumption (13) holds if sorting on unobserved dimensions is unrelated to sorting on observed dimensions (i.e., E(v c9 |X c9 , W c9 ) = 0) and the unobserved variation in heterogeneity across communities is unrelated to the degree of sorting (i.e., E(u c9 |X c9 , W c9 ) = 0). The first of these two assumptions is relatively innocuous, as the consequences of its violation (a researcher mistakenly attributing the effects of sorting on income to sorting on ethnicity, for example) are relatively minor. In addition, its violation does not imply violation of (13) under the null hypothesis of no peer effects (λ = 0), and so will not invalidate standard tests of that null. The second assumption, that the unobserved variation in heterogeneity is unrelated to measured sorting, is much stronger. It is not difficult to imagine greater unobserved heterogeneity within a community leading affluent families to take greater steps to segregate from disadvantaged families, so we also follow some slightly more elaborate estimation approaches.
First-difference regressions
In order to relax the assumption that there is no relationship between unobserved variation in community heterogeneity and variation in measured sorting, we use linked grade 9/grade 6 data to develop a simple first-difference estimator. We replace (13) with the weaker assumption of a community unobserved effect:
and the assumption that the explanatory variables are strictly exogenous conditional on the community unobserved effect:
Given these assumptions, we can estimate (by OLS or other means) the first-difference regression:
where, for example ∆X c ≡ (X c9 − X c6 ). The model coefficients are identified by variations in sorting between grades 6 and 9. As will be discussed in Section 3, the primary source of variation in sorting between these two grades is the reallocation of students from a larger number of primary schools in grade 6 to a smaller number of secondary schools in grade 9.
While equation (16) can be estimated by OLS, we instead follow Arellano and Bover (1995) and use GMM based on the moment condition:
This method explicitly includes the overidentifying restrictions implied by the strict exogeneity condition (15), and provides a straightforward means of testing those restrictions.
First-difference regressions with instrumental variables
The simple cross-sectional approach described in Section 2.3.1 requires exogeneity in the level of sorting.
The first-difference approach described in Section 2.3.2 allows for endogeneity in the level of sorting, but requires that changes in sorting between grades 6 and 9 are exogenous. Our third estimator is also based on an unobserved effects specification but further relaxes the identifying assumptions by considering a particular and more plausibly exogenous source of variation in sorting: the structure of school availability in the community.
Changes in sorting between different grades in a given community can be thought of as driven by two main factors: changes in the private incentive to sort, and changes in the ability to sort.
While the incentive for families to sort is driven by a number of unobserved variables including any unobserved variation in school quality, the ability to sort is driven primarily by the school structure of the community, i.e., the number and relative size of available schools. The positive relationship between the number of options (schools and/or districts) available to families and their ability to sort has been the subject of several papers on the school choice debate, with Urquiola (2005) being a recent example. To take an extreme but empirically relevant example of this relationship, a community with only one high school will have a grade 9 cross-school variance of exactly zero for all variables. A community with multiple elementary schools but only one high school necessarily will show a decline in sorting from grade 6 to grade 9. This variation in school structure is more plausibly exogenous than most other sources of variation in sorting, and so might provide a suitable instrumental variable.
Constructing such an instrument is complicated by the difficulty of characterizing the school structure of a community in a suitable manner. The sorting effect can be consistently estimated using simply the number of schools in the community as an instrument. However, the relationship between the number of schools and the ability of families to sort is nonlinear: the opening of an additional school has a bigger effect on the potential to sort when there is initially only one school than when there are several hundred. In addition, there is relevant information in the size of schools: the potential effect of an additional school on the ability to sort is larger if the school itself is relatively large. In order to construct the most informative possible instrument, we calculate the highest possible CSV for each characteristic given the community's school structure and the underlying distribution of the variable in question across the community's households. This community-level variable, which we will denote by max CSV cg (x), incorporates information on both the number and size of schools, and accounts for the potentially nonlinear effect of the number of schools on the ability to sort. In addition max CSV cg (x) has some theoretically-relevant content, as it is exactly the CSV predicted by the early theoretical work on community sorting under educational peer effects (Durlauf 1996, Fernandez and Rogerson 1996) that treats the family locational choice as strictly student-outcome-maximizing subject to income constraints. Subsequent work (Epple and Sieg 1999, for example) allows for cross-family heterogeneity on more than one relevant dimension and implies sorting below the maximal level. However, the equilibrium level of sorting in these models remains closely related to the maximal level.
LettingW cg be the vector of instrumental variables constructed by replacing each CSV cg (x) in W cg by its corresponding maximum value max CSV cg (x), our identifying assumption (15) can then be replaced by:
In other words, the amount of sorting is no longer required to be strictly exogenous, only that portion of sorting that is explained by the ability to sort. The model is estimated using GMM based on the moment condition:
We also evaluate the relevance of each instrument by reporting the F statistic from the "first-stage" regression. That is, we report the F statistic for the null hypothesis that the coefficient on ∆W c is zero in an OLS regression of ∆W c on (∆X c6 , ∆W c ). In the case of multiple endogenous variables, we report the Cragg-Donald F statistic (Cragg and Donald 1993) .
A comment on heterogeneity in school quality
The model described above treats all heterogeneity as being student-based. However, unobserved heterogeneity in school quality may also play a role. Incorporating this heterogeneity directly into the model adds some complications, but it is important to understand the potential implications of such heterogeneity. This section adds school-level heterogeneity to the model, considers what assumptions must be made about this heterogeneity in order to identify the effect of sorting, and discusses the likely direction of bias if those assumptions fail to hold.
We start by adding an unobserved school-level term b scg to equation (6)
Aggregating, we get:
Substituting in (20) and (21), and applying algebra we get:
whereρ cg (a, b) is the community-level correlation between two arbitrary variables a and b. Equation (23) decomposes the cross-student variation in outcome into four components: simple variation in school quality (σ 2 cg (b)), simple cross-student variation in private resources (σ 2 cg (z)), and two sorting effects. One sorting effect operates through peer effects ( λ 2 + 2λ CSV cg (z)), and the other operates through the interaction of sorting with quality variation ((2 + 2λ)ρ cg (b scg ,z scg ) σ 2 cg (b) + CSV cg (z)). In order for the regression results reported in Section 4 to consistently estimate something interesting about equation (23), we need to consider two issues. First, we need to interpret the entire term
as representing the "sorting effect." That is, this term is zero if sorting is absent, and positive if it is present. However, this term is no longer linear in CSV cg (z) and depends on random unobserved factors, so our regression needs to be considered a constant-coefficient linear approximation to the true nonlinear model. Second, the level of sorting in a given community-grade needs to be unrelated to the cross-school variation in quality, at least after adjusting for community-level unobserved effects and controlling for any available proxy variables for the cross-school variation in quality. Specifically, let:
where B cg is a vector of proxy variables for cross-school quality variation. In the regressions estimated in this paper, the relevant proxy is the total number of students 2 in the community. The additional identifying assumption in the cross-sectional case is:
In the first-difference case, it is:
and in the first-difference case with instrumental variables:
Although each of these is a distinct condition, the common feature is fairly straightforward: once proxy variables are controlled for and once any unobserved effect has been differenced out, the withincommunity variation in school quality is unrelated to the amount of sorting. If instead, greater withincommunity variation in school quality led to increased sorting, this would tend to bias our estimates of sorting effects upwards. The Achievement Tests are conducted in grades 3, 6, and 9. The exams are in the core academic subjects of Language Arts, Mathematics, Science, and Social Studies, and are intended to be taken by all students. Both accredited and registered private schools participate in these exams, as do public schools. The dependent variable in our regressions is the community-level variance of grade 9 test scores in Language Arts and Mathematics. Because the exams are in principle mandatory, and because there are almost no dropouts at this level, the selection issues involved in this estimation are relatively minor.
However, a small fraction of students do not take the exams. Approximately 4% to 7% of grade 9 students are absent from school on the exam day and fail to take a make-up exam. In addition, a student may be excused from the exam if his or her principal judges that he or she is "incapable of responding to the exam," or if "participation will be harmful to the student." Approximately 3% to 6% of students are exempted in this manner (Alberta Learning 2002b).
Data structure and links with data on family characteristics
The data set was originally assembled by Cowley and Easton (2002) 
Aggregation to community level
Although the Cowley and Easton data set is at the school level, the relevant unit of observation in this study is the group of schools in a community. For the purposes of this study, we define a community as a collection of one or more municipalities that form an integrated labor market and host at least one school offering grade 9. Two municipalities are considered to be part of the same community if they are fewer than 30 minutes driving time apart and at least one municipality has a population over 10,000.
This definition implies that, for example, the city of Calgary and its suburbs are treated as part of the same community, but two farming towns nearby to one another are treated as two distinct communities.
We distinguish between small and large municipalities in this way because many of Alberta's small municipalities are agricultural centers, where family residential choices are dictated by the location of farmland, rather than residential amenities such as schools. Driving time is calculated by using Composite in Barrhead for grade 9, and so are assigned in our data to the community of Barrhead.
For each such grade 6 school, we contacted the school directly to identify the high school that students in grade 6 in 1998 would have been expected to attend in 2001.
Construction of instrumental variables
The maximum CSV variable is constructed as follows. Let x iscg be an arbitrary individual-level variable drawn from a community-specific frequency distribution with CDF F c . Let ST RU CT cg ≡ {N 1cg , N 2cg , . . . , N (Scg)cg ) be the school structure in grade g of community c. The maximum CSV (max CSV cg (x)) of grade g in community c is defined as the highest value of CSV (x) that could be attained given (F c , ST RU CT cg ).
Calculation of max CSV cg (x) turns out to be relatively straightforward. The school structure is directly observed in the data. In those cases where the characteristic x is binary, the community-wide distribution F c can be calculated directly from the data. In cases where x is continuous, we assume a normal distribution for x with mean and variance as given in the data. Given ST RU CT gc and F c , we can calculate max CSV (x) by a simple procedure. Any CSV-maximizing allocation of students to schools must be perfectly stratified, i.e., if a given school has a student with x = a and a student with x = b, then it must have all students with x ∈ (a, b). For S cg ≤ 6, we simply try out all S cg ! perfectly stratified allocations and find the allocation with the highest CSV. For S cg > 6 we choose the allocation with the highest CSV among 1,000 perfectly stratified allocations that have been generated randomly. Because all communities are weighted equally, our regression results will be largely determined by the many small communities rather than the few large ones. Table 2 characterizes the data in terms of the difference between the number of grade 6 and grade 9 schools within communities. As discussed in Section 2.3.3, the changing number of schools will play a key role in generating changes in measured sorting. In Alberta, grade 6 students generally attend an elementary (grade 1-7 or 1-6) school, while grade 9 students attend high schools (grade 8-12) or junior high schools (grade 7-9). Elementary schools are generally smaller than high schools so multiple elementary schools will often "feed" a given high school. This reallocation can in principle generate large changes in sorting. The number of grade 6 schools in the community is equal to the number of grade 9 schools in 162 of these communities, and the number of grade 6 schools is higher in 49
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communities. In 23 of these 49 communities, students attending two or more schools for grade 6 are merged into a single grade 9 school. These communities experience the largest change in sorting, and so play a key role in identifying our unobserved effects models. Two communities had more schools offering grade 9 than schools offering grade 6. Table 3 reports community-level summary statistics for both exam scores and family characteristics.
Note that the mean of community-level means, as reported in Table 3 , is not identical to the provincial mean across individuals because it weighs small and large communities equally. Table 3 shows that the communities in our data exhibit substantial variation in the average exam performance of their students, and that some communities have much more variation in exam performance than others. In both Language Arts and Mathematics, the cross-school variation in test scores is a small proportion of the overall within-community variation in test scores.
The family characteristics considered in this study can be divided into two groups: characteristics the proportion of visible minority families in our communities ranges from zero to over 44 percent.
Over one-third of those with visible minority status in the average community report their ethnicity as
Chinese. The variable "official language not usually spoken at home" means that a household speaks a language other than English or French (Canada's two official languages) at home. About 4 percent of students in the average community live in such homes: the proportion of homes with school-age children where neither official language is spoken ranges from 0 to 64 percent across communities.
Our indicators of socioeconomic status are family wage and salary income, family government transfer income, and the level of education of the primary parent. Income may affect learning directly if parents with greater financial means are able to provide more resources in support of a child's learning, such as tutoring services. More generally, income may affect health and self-esteem, which in turn influence both learning and behavior. However, it is not obvious that we would expect the relationship between family income and student learning to conform to the linear functional form that underlies our empirical specification. As a result, we also include the level of government transfer income as a proxy for low-income status. Because within-province variation in the generosity of transfer programs is virtually nonexistent, the level of transfer income will be closely and positively related to low-income status.
3 Our third indicator of socioeconomic status, primary parent's education, has been shown elsewhere to be an important predictor of individual student academic performance (see, for example, Hanushek and Raymond 2004) . The average community in the data has a mean family income of just over $40,000 per year, mean transfer income of about $4,500 per year, and a mean level of primary parent's education of a few months past high school. All three of these variables exhibit substantial variation across communities, as do their variances.
One complication in measuring the effect of sorting on all six of these dimensions is their relatively high correlation. Table 4 shows the correlation matrix for the sorting variables, with Pearson (linear) correlations reported in the upper triangle and Spearman (rank) correlations in the lower triangle.
As the table shows, most of the sorting variables are sufficiently collinear that it might be difficult with limited data to independently separate out their effects. Even in those cases where the sorting variables are not substantially collinear, the Spearman correlations indicate a strong and positive nonlinear relationship between the sorting variables.
Regression results: Cross section
Tables 5-7 report estimates for the cross-sectional model without a community-level unobserved effect. The specifications vary only in terms of which sorting variables are included in the model. The dependent variable in each regression is the community-level variance in grade 9 Language Arts or Mathematics exam scores, scaled so that the dependent variable has unit standard deviation across communities. In addition to the sorting variables, all specifications include a common set of explanatory variables that includes the average number of students per school, a quadratic term in the number of schools in the community, and the community-level variance in each of the six household characteristics. Heteroskedasticity-robust standard errors are used to calculate asymptotic t-statistics and p-values. The regressions themselves are estimated by weighting each community equally, rather than by population. We report the coefficients on the variance and CSV variables in standardized units.
That is, the coefficient of 0.21 on "Var(W/S income)" in the first column of Table 5 means that a one-standard-deviation increase in the variance of wage and salary income is associated with a 0.21 standard deviation increase in the variance of grade 9 test scores. We leave the coefficient on the "total number of students" variable unstandardized because its unit of measurement is straightforward.
That is, the coefficient of -0.06 on "(# writing)/1000" in the first column of Table 5 means that a 1000-student increase in the number of students in a community is associated with a 0.06 standard deviation decrease in the variance of grade 9 test scores.
The first column in each of the Language Arts and Math panels includes no sorting variables at all.
In these regressions, the variance in Language Arts exam scores is increasing in the variance of wage and salary income and decreasing in the variance of parental education, while the remaining variables have statistically insignificant coefficients. The variance in Mathematics exam scores is increasing in the variance in wage/salary income, and the variance in transfer income, and is decreasing in the variance of parental education.
The remainder of Table 5 presents results of various specifications that include sorting by ethnicity and language, while Table 6 presents specifications that include sorting by socioeconomic status.
Because of the high collinearity in the sorting variables and the close relationship between them (any policy which affects sorting on education will also affect sorting on income), we follow the strategy of estimating the model with each sorting variable on its own in Tables 5 and 6 , then estimating the model with all sorting variables in Table 7 . The results in these tables suggest a strong and positive cross- Table 7 regression with all sorting variables and not in the one-variable-at-a-time regressions in Tables 5 and 6 .
The sorting effects in the regressions reported in Tables 5-7 are identified from cross-community variation in sorting, and can be given causal interpretation only if sorting is not correlated with unobserved community-level effects that play a role in determining the overall variance of test scores.
Because this is a strong assumption, we next pursue two alternative identification strategies that exploit more credibly exogenous sources of variation in the degree of sorting within communities. Tables 8-10 report estimates for the model with a community-specific unobserved effect, as described in Section 2.3.2. These estimates are constructed by linking the 2001 grade 9 test results to the 1998 grade 6 test results from the same community, and estimating a regression of the change in the variance of test scores on the change in measured sorting and other variables. Note that the community-level variance variables do not change, and so their coefficients are not identified. Coefficients are reported using the same scaling as in the cross-sectional results in Tables 5-7 . As with the cross-sectional results, the model is estimated weighting all communities equally, and the reported asymptotic t-statistics and p-values are robust to heteroskedasticity. In addition to coefficient estimates each table reports the Hansen (1982) J statistic for the overidentifying restrictions. As the tables show, the overidentifying restrictions fail to be rejected at any conventional significance level in any of the specifications. As a further robustness check, we also estimated an OLS regression of the change in test score variance on the change in sorting and the levels of the variance variables. Doing so had little effect on the results, and an F test of the coefficients on these level variables was unable to reject the null that these levels all have coefficients of zero. Tables 8 and 9 show that when the sorting variables are included one at a time, sorting on primary parent's education and on home language are associated with increased variance in scores on both exams, and these associations are statistically significant. Sorting on Aboriginal status has a positive and statistically significant association with the variance in Language Arts exam scores, but not with Mathematics exam scores. Table 10 Surprisingly, sorting on government transfer income is negatively and significantly associated with variance in exam scores when other sorting variables are included, though its association is near-zero when included on its own in Table 9 .
Regression results: First-difference
Next we compare the first-difference results reported in Tables 8-10 to the cross-section results reported in Tables 5-7 . Some patterns are consistent across the two approaches: sorting on Aboriginal status is positively associated with variance in Language Arts scores, but has a much weaker association with variance in Mathematics scores. In both sets of estimates, sorting on wage and salary income seems not to have a positive association with variance in exam scores for either subject. However, many parameter estimates differ substantially across the cross-section and first-difference results.
These differences may reflect several factors: point estimates may differ because social interactions have a different effect at different grade levels or because of community level fixed effects; statistical significance may differ because variables exhibit greater independent variation in the cross-section or the first-differenced data. Tables 11-13 show the results from estimating the first-difference model using the change in maximum CSV induced by changes in school structure as an instrument for the change in actual CSV. This approach, described in Section 2.3.3, isolates changes in sorting that occur due to changes in the ability of families to sort (as multiple local elementary schools feed into a single high school). These changes may be more plausibly exogenous than changes in sorting that occur due to changes in the incentive of families to sort.
Regression results: First-difference with instrumental variables
In addition to coefficient estimates, these tables report test statistics for the overidentifying restrictions and for instrument relevance. The overidentifying restrictions are tested using the Hansen (1982) J statistic. As the tables show, these restrictions cannot be rejected at any conventional confidence level in any of the reported specifications. Instrument relevance is tested in Tables 11 and 12 using the "first-stage" F statistic, i.e., the F statistic for the joint null hypothesis of zero coefficients on all excluded instruments. The regressions in Table 13 feature multiple endogenous explanatory variables, so we instead report the Cragg-Donald (1993) F statistic . Note that unlike all other test statistics reported in this paper, the Cragg-Donald F statistic is not robust to heteroskedasticity. We can interpret the first-stage or Cragg-Donald F statistics both as indicators of both instrument relevance and instrument strength. The F statistic is significant at the 5% level in all but one of the regressions, indicating that the instruments are relevant and the model is identified. Instrument strength can be assessed for the regressions in Tables 11 and 12 by applying the Staiger and Stock (1997) rule of thumb that an instrument can be considered weak if the first-stage F statistic is less than ten. By this rule of thumb, we can reject the hypothesis of a weak instrument in 4 of the 12 regressions in Tables 11 and   12 . For Table 13 , we are able to reject the null of nonidentification as well. However, the test statistic is quite low, suggesting that identification in this particular specification is quite weak and the results in Table 13 should be interpreted with more caution than those in Tables 11 and 12 .
The coefficient estimates in Tables 11 and 12 are roughly consistent with those found using the simple first-difference method of Tables 8 and 9 . Sorting on Aboriginal status is positively and significantly associated with the variance in Language Arts exam scores, and sorting on parental education is positively and significantly associated with the variance in exam scores for both subjects. The point estimates of the association between sorting on home language and exam scores are actually larger than in the simple first-difference estimates, but are now statistically insignificant due to the loss of precision from IV estimation. Overall, each of the 95% asymptotic confidence intervals for each coefficient estimated in Tables 11 and 12 overlaps the corresponding confidence interval in Table 8 or 9.
How Big Are the Estimated Sorting Effects?
Next we consider how to evaluate the magnitude of the estimated sorting effects. To do so, we consider a simple counterfactual. Suppose that we took a given multi-school community and completely eliminated cross-school sorting on a particular family characteristic. By how much, in percentage terms, do our models predict the variance in exam scores would decrease? Table 14 provides the answer to these questions using all three estimation schemes. The sorting variables considered are the three variables that frequently appeared with statistically significant coefficients: Aboriginal status, home language, and parental education. The table reports the predicted change in variance from the elimination of sorting for three communities: the major cities of Edmonton and Calgary, as well as a hypothetical community whose CSV is equal to the average CSV among multi-school communities. The predicted changes are calculated using the coefficients from those models that include only one sorting variable at a time. This is because it is unclear what it would mean, for example, to substantially reduce sorting on parental education while keeping sorting on income unchanged.
As the table shows, changes to sorting would have limited effect in a typical Alberta community, reducing the variance in test scores by no more than 5.4%. However, changes in sorting would potentially have large effects in more heterogeneous major cities. Sorting on Aboriginal status is fairly low in both Calgary and Edmonton, and so its elimination would only reduce the variance in test 
Conclusion
The results reported in this paper suggest that certain types of sorting across schools are associated with increased community-level variance in academic outcomes. This evidence contributes to the liter-ature on educational peer effects, sorting, and inequality in two ways. First, it provides information on educational peer effects with respect to contextual variables such as family income and parental education that are often unavailable in the student-level administrative data usually seen in this literature.
Second, it provides measures of the magnitude of sorting's effect on inequality in student outcomes, and thus quantifies the potential for integration of schools on income, etc. to reduce current levels of inequality in student outcomes.
Our cross-sectional estimates indicate a sorting effect that might be associated directly with ethnicity -specifically Aboriginal status -rather than other characteristics such as family wage and salary income, government transfer income, primary parent's education and language spoken in the home.
This result suggests that factors such as differences in cultural norms or discrimination may be generating peer effects within school communities. However, endogenous sorting may be contaminating these results if communities that are more diverse in unobserved ways are more likely to sort themselves along ethnic/cultural lines.
Our first-difference estimates suggest associations between inequality and sorting on several family characteristics. Communities in which the degree of sorting by home language falls as students move from elementary to high school exhibit a greater-than-average reduction in inequality in both Language
Arts and Mathematics test scores between grades 6 and 9, as do communities in which the degree of sorting by primary parent's education falls. These results seem intuitively plausible. Parental education may serve as a proxy for other characteristics that might affect peers, such as the degree of parental provision of public goods or political influence, or it may be correlated with ability and therefore picking up simple externalities. Language spoken in the home may also serve as a proxy for public goods or political influence. Furthermore, students from homes where English is not spoken may themselves have relatively weak English language skills. The presence of students in the classroom with weak language skills may alter teaching methods in ways that affect their fellow students' progress.
We also estimate a variation on the first-difference model that uses changes in community school structure -the number and size of schools -to generate plausibly exogenous instrumental variables for changes in sorting. This approach yields similar results to those found for the basic first-difference models: point estimates of the effect of sorting on home language and parental education are generally higher, though higher standard errors lead to the coefficients on home language sorting to be statistically insignificant.
The negative results we obtain are also interesting. In particular, our estimates do not produce evidence indicating a substantial social interaction effect arising directly from family wage and salary income.
The point estimates suggest that within the average community studied, the magnitudes of the effects of sorting on the variance of test scores are not especially large. However, the larger cities in the data exhibit high degrees of both community-level diversity but school-level homogeneity (i.e., high rates of sorting). In those larger cities the estimated total effects of sorting are much larger. The significance of these results from a policy perspective would be clearer if we were able to say more about the effect of sorting on other moments of the test score distribution. In particular, it would be helpful to know whether sorting has a symmetric effect on the upper and lower tails of the distribution. While the data set used in this study does not allow us to investigate higher moments or different quantiles of the test score distributions, this would be an interesting question for future work.
This research could be extended in a number of ways. First, as both more years of data and data from more provinces are becoming available, increased sample sizes may allow for the estimation of richer models. The approach can also be applied to data from outside of Canada, although extension to U.S. data will require addressing the selection issues with private schools. Finally, if peer effects are nonlinear, sorting may affect average student performance as well as the variance in performance.
Future research may determine whether this is the case. Table 14 : Predicted reduction in variance of test score from completely desegregating communities on specified dimension.
